Introduction: Carotenoids, which are a reliable biomarker of fruit and vegetable consumption, are positively associated with the lipid profile. Circulating carotenoid concentrations may interact with several omics profiles including genome, transcriptome, and epigenome. Few studies have used multi-omics approaches, and they rarely include environmental factors, such as diet. Objective: The objective of this observational study was to examine the potential role of multi-omics data in the interconnection between diet, represented by total carotenoids, and lipid profile using weighted gene correlation network analysis (WGCNA). Methods: Blood leukocyte DNA methylation levels of 472,245 CpG sites and whole blood gene expression levels of 18,160 transcripts were tested for associations with total carotenoid concentrations using regressions in 48 healthy subjects. WGCNA was used to identify co-omics modules and hub genes related to the lipid profile. Results: Among genes associated with total carotenoid concentrations, a total of 236 genes were identified at both DNA methylation and gene expression levels. Using WGCNA, six modules, consisting of groups of highly correlated genes represented by colors, were identified and linked to the lipid profile. Probes clustered in the turquoise and green modules correlated with plasma lipid concentrations. A total of 28 hub genes were identified. Conclusions: Genome-wide DNA methylation and gene expression levels were both associated with plasma total carotenoid concentrations. Several hub genes, mostly involved in lipid metabolism and inflammatory response with several genetic variants associated with plasma lipid concentrations, came out of the integrative analysis. This provides a comprehensive understanding of the interactive molecular system between carotenoids, omics, and plasma lipid profile.
Introduction
Diet is the cornerstone for the prevention and treatment of chronic diseases. A diet rich in fruits and vegetables is inversely associated with the incidence of cardiovascular diseases [1] . Plasma carotenoid concentrations are a reliable biomarker of fruit and vegetable consumption [2, 3] . Variability in circulating carotenoids may be due to several factors including age, sex, body weight, physical activity, genetic, and lipid profile [3] . Accord-DOI: 10 .1159/000503828 ingly, the majority of circulating carotenoids are associated with several lipoproteins and plasma lipids [4, 5] .
Several genome-wide association studies have identified genetic variants that influence circulating carotenoid concentrations [6, 7] . Moreover, carotenoids may exert their effect on gene expression, via several transcriptional systems [8] , and on DNA methylation of specific genes [9] . Thus, omics profiles, including genome, transcriptome, and epigenome, may interact with circulating carotenoids. Relating omics data to a specific trait requires the integration of a very large amount of data. Weighted gene correlation network analysis (WGCNA) is a widely used system biology approach designed for high dimensional data such as omics data [10] . It then becomes possible to relate highly correlated genes (modules) to a phenotypic trait, and to identify key hub genes within modules that are related to a phenotypic trait [10] .
Studies usually include only one type of omics data. However, omics data are not only interconnected with each other, but also with the environment and phenotypic traits [11] . An integrative multi-omics approach may provide a holistic understanding of an interactive molecular system [12] . Only a few studies have used multi-omics approaches and most focused on the effect of genetics on omics markers, including DNA methylation (meQTLS) and gene expression (eQTLs) [12] . Moreover, studies rarely include environmental factors, such as diet. A study in healthy overweight men reported the effects of specific dietary components on low-grade inflammation using a multi-omics approach [13] .
In the present study, the objective was to examine the potential role of multi-omics data in the interconnection between diet, represented by total carotenoids, and lipid profile using WGCNA. First, multi-omics data (DNA methylation and gene expression levels) were tested for associations with plasma total carotenoid concentrations using linear regressions. Second, WGCNA was used to link carotenoids-associated multi-omics data to lipid profile.
Materials and Methods

Patients and Design
A total of 48 Caucasian French-Canadian subjects from 16 families were recruited in the Greater Quebec City metropolitan area, in Canada, as part of the GENERATION Study, whose recruitment began in May 2011. The GENERATION Study was designed to evaluate familial resemblances in omics (DNA methylation [14] and gene expression [15] ) and metabolic (metabolites [16] and carotenoids [17] ) profiles in healthy families and to test the impact of these pro-files on cardiometabolic health. Families living under the same roof comprised at least the mother and one child aged between 8 and 18 years. Parents had to be the biological parents of their child (or children), in good general health, non-smokers, with a body mass index ranging between 18 and 35, and free of any metabolic conditions requiring treatment, although the use of Synthroid ® (levothyroxine) or oral contraceptive was tolerated. Children also had to be nonsmokers, in good general health and not using psychostimulators (Ritalin ® [methylphenidate], Concerta ® [methylphenidate], and Strattera ® [atomoxetine]). Families were composed of 16 mothers, 6 fathers, and 26 children. Blood samples were taken from both parents and children during their visit at the Institute of Nutrition and Functional Foods (INAF). The experimental protocol was approved by the Ethics Committees of Laval University Hospital Research Center and Laval University. All participants (adults and children) signed an informed consent form. Parental consent was also obtained by signing the child consent document.
Anthropometric and Lipid Parameter Measurements
Body weight and height were measured according to the procedures recommended by the Airlie Conference [18] . Blood samples were collected from an antecubital vein into vacutainer tubes containing EDTA after a 12-h overnight fast and a 48-h alcohol abstinence. Plasma was separated by centrifugation (2,500 g for 10 min at 4 ° C), and samples were aliquoted and frozen (-80 ° C) for subsequent analyses. Enzymatic assays were used to measure plasma total cholesterol (TC) and triglyceride (TG) concentrations [19, 20] . Precipitation of very-low-density lipoprotein (VLDL) and low-density lipoprotein (LDL-C) particles in the infranatant with heparin manganese chloride generated the high-density lipoprotein cholesterol (HDL-C) fraction [21] . LDL-C was calculated with the Friedewald formula [22] . Apolipoprotein B-100 (ApoB100) concentrations were measured in plasma by the rocket immunoelectrophoretic method [23] .
RNA Extraction and Gene Expression Analysis
Total RNA was isolated and purified from whole blood using PAXgene Blood RNA Kit (QIAGEN) as previously described [15] . The HumanHT-12 v4 Expression BeadChip (Illumina Inc., San Diego, CA, USA) was used to measure expression levels of ∼47,000 probes (> 31,000 annotated genes). This was performed at the McGill University and Genome Quebec Innovation Center (Montreal, QC, Canada). The FlexArray software (version 1.6) [24] and the lumi R package were used to analyze and normalize gene expression levels. Probes with a detection p value ≤0.05 in at least 25% of all subjects were considered in the analysis. A total of 18,160 probes among the 47,323 probes on the microarray (38.4%) showed significant gene expression in the blood.
DNA Extraction and Methylation Analysis
Genomic DNA was extracted from blood leukocytes using the GenElute Blood Genomic DNA Kit (Sigma-Aldrich, St. Louis, MO, USA) as previously described [14] . Methylation levels were measured using Infinium Human Methylation 450 array (Illumina, San Diego, CA, USA). Bisulfite conversion and quantitative DNA methylation analysis were processed at the McGill University and Genome Quebec Innovation Center (Montreal, QC, Canada). Illumina GenomeStudio software v2011.1 and the Methylation Module were used to analyze methylation data on 485,577 CpG sites. Global normalization using control probes was performed in GenomeStudio. Probes with a detection p value > 0.01 in Lifestyle Genomics 2020;13:11-19 DOI: 10.1159/000503828 more than 5 subjects (> 10% of all subjects) were removed, as well as probes on the X and Y chromosomes (to eliminate gender bias), and probes mapped to multiple chromosomes [25] . Thus, 472,245 probes were considered in the analysis.
Carotenoid Measurements
Samples and standards used for the measurement of carotenoid concentrations were prepared as reported previously [17] . Briefly, carotenoid standards were purchased from Sigma (Oakville, ON, Canada). A total of 100 µL of plasma, 20 µL of 2-propanol, and 20 µL of carotenoid standard were transferred in Eppendorf tubes. Samples were transferred on a 400-μL fixed well plate (ISOLUTE ® SLE+, Biotage, Charlotte, NC, USA) with 900 µL of hexane:isopropanol (90/10, v/v) in each well. Each extracted sample was evaporated under nitrogen and reconstituted with 300 µL of methanol:dichloromethane (65/35, v/v). Plates were shaken for 10 min and samples were transferred into high-performance liquid chromatography glass vials to be analyzed.
High-performance liquid chromatography-UV analysis was performed using an Agilent 1260 liquid handling system (Agilent, Mississauga, ON, Canada) as previously described [17] . Carotenoids were separated with a mobile phase consisting of methanol:water (98/2, v/v; Eluent A) and methyl tert-butyl ether (Eluent B; VWR, Mississauga, ON, Canada) with a flow rate of 1 mL/min. UV detector was set at 450 nm and identification of each compound was confirmed using retention time and UV spectra (190-640 nm) of the pure compounds. Data acquisition was carried out with the Chemstation software (Agilent, Mississauga, ON, Canada). For all carotenoids the concentrations are reported in μmol/L of plasma. One outlier in β-cryptoxanthin, defined as a value falling outside of the mean ± 4 SD, was excluded from analyses.
Associations between Multi-Omics Data and Plasma Total Carotenoids
Total plasma carotenoid (µmol/L of plasma) concentrations were calculated as the sum of α-carotene, β-carotene, βcryptoxanthin, lutein, lycopene, and zeaxanthin concentrations. Concentrations of plasma carotenoids are available in a previous study [17] . As previously described, R software v2.14.1 (R Foundation for Statistical Computing; http://www.r-project.org) [26] was used to compute linear regressions between gene expression levels of all 18,160 transcripts, DNA methylation levels of all 472,245 CpG sites and total carotenoids adjusted for the family ID [27, 28] .
Weighted Gene Correlation Network Analysis
WGCNA was performed with the WGCNA package [10, 29] in R software [26] . A weighted adjacency matrix was established by calculating Pearson correlations between each probe pair. The coomics similarity was raised to a power β = 3 to calculate adjacency [30] . Correlations between probes were used to construct a topological overlap matrix (TOM), which provided a similarity measure. The TOM was then used to calculate the corresponding dissimilarity (1 -TOM). Average linkage hierarchical clustering coupled with the TOM-based dissimilarity was used to group probes with coherent omics profiles into modules [30] . More specifically, the dynamic tree cutting algorithm (deep split = 3, minimum number of probes per module = 30, cut height = 0.25) was used to detect modules. The assignment of outlying probes to modules was made using the Partitioning Around Medoids method. Colors are randomly assigned to modules except for the grey color, which is reserved for the module with unassigned probes. To identify modules associated with lipid profile traits (TC, LDL-C, HDL-C, TG, ApoB100), correlations between module eigengenes (MEs; i.e., the first principal component of the module) [31] and traits were computed. Gene significance (GS), defined as the absolute correlation between the probe and the trait, was used to quantify associations of individual probes with lipid profile traits. To quantify the similarity of all probes to every module, a quantitative measure of module membership (MM) was defined as the correlation of the ME and the probe DNA methylation or gene expression levels. Probes with the highest MM and highest GS were those with high significance (hub genes) [32] . The hub genes within a module were chosen based on GS > 0.2 and MM > 0.8, with a p value ≤0.05. Topological interaction network in the turquoise module was constructed and visualized using VisANT 5.0, a software framework for hierarchical organization of biological networks [33] . Moreover, to obtain a visually interpretable network, a weighted correlation cutoff of 0.42 was used in the turquoise module. Genes with four connections or more were selected as central genes.
Statistical Analysis
Statistical Analysis Software (SAS) version 9.4 was used to compute means and SD of biochemical parameters in parents and children. Coefficient of variation (CV) was computed as the ratio of the SD to the mean for each 240 expression transcripts and 466 CpG sites. The nonparametric one-way Wilcoxon procedure was used to test difference in CV (non-normally distributed), while an unpaired t test was used to test difference in MM of the turquoise module (normally distributed).
Results
Characteristics of Study Participants
Characteristics including plasma total carotenoid and lipid concentrations of healthy participants (parents and children) are presented in Table 1 . Concentrations of all 6 main plasma carotenoids (α-carotene, β-carotene, β-cryptoxanthin, lutein, lycopene, and zeaxanthin) and total carotenoids are presented in a previous study [17] .
Associations between Multi-Omics Data and Plasma Total Carotenoids
As previously reported in studies by our group, genomewide DNA methylation levels of 20,687 out of 472,245 CpG sites [28] and genome-wide expression levels of 533 out of 18,160 transcripts [27] were associated (p ≤ 0.05) with plasma total carotenoid concentrations. In order to perform an integrative analysis, subsets of CpG sites and transcripts associated with total carotenoids were collapsed to gene level to retain only common genes. A total of 236 genes (represented by 466 CpG sites and 240 transcripts) were identi-fied at both DNA methylation and gene expression levels (online suppl. Table S1 , for all online suppl. material, see www.karger.com/doi/10.1159/000503828). WGCNA was then conducted on these subsets of probes as illustrated in the study schematic (online suppl. Fig. S1 ).
Weighted Gene Correlation Network Analysis
A total of 6 distinct modules were identified from DNA methylation levels of the 466 CpG sites and gene expression levels of the 240 transcripts using a dynamic tree cutting algorithm (Fig. 1) . The blue, brown, green, turquoise, yellow, and grey modules contained 133, 96, 34, 381, 38, and 24 probes, respectively. The grey module contained the 24 uncorrelated probes, which were excluded from further analysis. None of the modules were 
Color version available online
Lifestyle Genomics 2020;13:11-19 DOI: 10.1159/000503828 merged using the merged dynamic algorithm (cutoff height of 0.25) ( Fig. 1 ). Correlations between MEs and lipid profile traits (TC, LDL-C, HDL-C, TG, ApoB100) were computed to find lipid profile-correlated modules. ME representing the 381 probes clustered in the turquoise module correlated inversely with TC (r = -0.46, p = 0.001), HDL-C (r = -0.31, p = 0.03), LDL-C (r = -0.32, p = 0.03), and ApoB100 (r = -0.34, p = 0.02) (Fig. 2) . ME representing the 34 probes clustered in the green module correlated positively with HDL-C (r = 0.34, p = 0.02) (Fig. 2) . GS of each plasma lipid was correlated with MM of each module. MM in the turquoise module correlated with GS for TC (r = 0.42, p = 1 ×10 -17 ), HDL-C (r = 0.11, p = 0.032), LDL-C (r = 0.39, p = 2.7 × 10 -15 ), and ApoB100 (r = 0.43, p = 1.4 × 10 -18 ). MM in the green module correlated with GS for HDL-C (r = 0.35, p = 0.042). This suggests that probes highly significantly associated with these lipid profile traits were also the most important elements of the turquoise and green modules. Thus, the turquoise and green modules were selected as modules of interest in subsequent analyses.
Hub Gene Analysis
Hub gene analysis, identifying genes with the highest MM and highest GS, was conducted for the turquoise and green modules in order to refine the analysis of potential mechanisms linking carotenoids to lipid profile. A total of 35 probes (28 unique genes) were identified in the turquoise module: AFF1, AMICA1, ARHGEF10, AZU1, C10orf105, C19orf76, CDH23, ENSA, FES, GABBR1, HCCA2, ICAM4, IFRD1, IKZF3, LBH, LCOR, LGALS2, MBNL1, MPO, NLK, PRKCZ, PTPRJ, RPUSD3, SAMD3, SCRN1, SLC24A4, SPTLC2, and TRIB1. None of the probes in the green module passed predetermined cutoffs. Detailed gene-trait associations with GS and MM of the turquoise module are presented in the online supplementary Table S2 . Interestingly, hub genes were represented by 34 CpG sites and only 1 transcript. Since one of the criteria for the selection of hub genes is MM (> 0.8), we tested the potential difference in the MM of expression transcripts and methylation CpG sites in the turquoise module. The mean MM of expression transcripts (0.064 ± 0.40) was significantly lower (p = 0.01) than the mean MM of methylation CpG sites (0.14 ± 0.39). MM was defined as the correlation of the MEs and the gene expression or DNA methylation levels. Thus, the variability in gene expression and DNA methylation levels may impact this correlation (i.e., the MM). Across all 240 transcripts, expression levels had a mean CV significantly lower than the mean CV of methylation levels of all 466 CpG sites (0.013 
Topological Network Analysis
In order to better define gene-gene interactions in the turquoise and green modules, topological network analysis was performed. In the turquoise module (381 probes), only annotated probes with a weighted correlation cutoff of 0.42 were included. Thus, a total of 15 unique genes were included. Three genes with more than 4 connections (AFF1, ARHGEF10, and CDH23) were central to the network (Fig. 3) . Considering that genes in the green module were weakly interconnected (highest weighted correlation of 0.14), the analysis was not done in this module.
Discussion/Conclusion
The aim of the present study was to examine the potential role of multi-omics data in the interconnection between diet, represented by total carotenoids, and lipid profile using WGCNA. First, the association between multi-omics data and plasma total carotenoid concentrations was assessed. Based on previous studies by our group [27, 28] , transcripts and CpG sites associated with total carotenoid concentrations were identified. This is concordant with the previously reported effects of carotenoids on gene expression [8] and DNA methylation [9] . For the purpose of the multi-omics analysis, genes identified at both gene expression and DNA methylation levels were retained to study their combined effects on lipid profile.
Second, WGCNA was used to link multi-omics data, associated with carotenoids, to lipid profile. WGCNA yielded 6 modules including the turquoise and green modules, which were relevant considering their associations with the lipid profile. Interestingly, in the turquoise module, 72 out of 228 unique genes were in common between expression transcripts and methylation CpG sites, suggesting a concordance in the potential biological effects of some genes. The turquoise module seems biologically plausible since its ME is correlated with several plasma lipids. In addition, as shown by their GS, genes clustering in this module are also correlated with lipids, and have biological functions as well as associations reported with lipids in the literature. Indeed, among the 28 unique hub genes identified, the following 9 hub genes were of interest in the context of lipid profile: AFF1, ARHGEF10, LCOR, LGALS2, MBNL1, MPO, SLC24A4, SPTLC2, and TRIB1. The correlation graphs between methylation levels of CpG sites within these genes, lipid concentrations, and ME of the turquoise module are presented in online supplementary Figures S2 to S5 . AFF1 encodes for the AF4/FMR2 family member 1 implicated in lymphocyte development and autoimmune disease [34] . Single nucleotide polymorphisms within this gene have been associated with plasma TG and HDL-C concentrations [35, 36] . ARHGEF10 encodes for the Rho guanine nucleotide exchange factor 10. Interestingly, a study by our group reported that a single nucleotide polymorphism within this gene alters the activity of delta-6-desaturase and influences susceptibility to hypertriglyceridemia [37] . A genetic variant within this gene was also associated with atherosclerotic stroke in the Chinese population [38] . LCOR encodes for the ligand-dependent nuclear receptor corepressor that regulates lipogenesis and may be a potential target for treating hepatic steatosis [39] .
LGALS2 encodes for galectin 2. Variations in this gene were associated with inflammatory biomarkers, cellular adhesion molecules, risk of coronary heart disease, as well as with the insulin-glucose profile [40, 41] . MBNL1, encoding for the muscleblind like splicing regulator 1, modulates alternative splicing of pre-mRNAs. A variation in this gene has been associated with HDL-C levels [35] . MPO gene encodes for a myeloperoxidase, a pro-inflammatory enzyme stored in granulocytes [42] . Myeloperoxidase also promotes oxidation of HDL-C particles potentially involved in the development of atherosclerosis. An increase in MPO concentration leads to a decrease in ApoAI and HDL-C levels and disturbs HDL-C function [43] . Moreover, the level of myeloperoxidase was significantly lower in rats following a supplementation with lycopene [44] . SLC24A4 encodes for the solute carrier family 24 member 4. Variations within this gene have been associated with lipoprotein concentrations and size measurements of more than 1,000 subjects of the GOLDN study [45] . However, the role of SLC24A4 in the lipid metabolism remains unclear. SPTLC2 encodes for the serine palmitoyltransferase long chain base subunit 2. SPTLC2+/-macrophages have significantly lower sphingomyelin levels in plasma membrane and lipid rafts. This reduction impaired inflammatory responses and also enhanced reverse cholesterol transport mediated by ABC transporters [46] . Liver SPTLC2 deficiency also decreased plasma sphingomyelin levels in both HDL-C and non-HDL-C fractions [47] . TRIB1 encodes for the tribbles pseudokinase 1. Genetic variants within TRIB1 have been associated with plasma lipid concentrations (TG, HDL-C, and TC) [48] and with an increased risk of ischemic heart disease [48, 49] . Genetic variants in TRIB1 have an effect on α-tocopherol levels [6] . Even though the ME representing probes in the green module correlated with HDL-C, none of the probes passed pre-determined cutoffs of GS and MM. Moreover, topological network analysis was performed in the turquoise module to investigate gene-gene interactions independently of the GS and MM. A total of 3 central genes (AFF1, ARHGEF10, and CDH23) were identified. These genes were also highlighted as hub genes in the previous analysis.
This multi-omics approach allowed to better understand the potential underlying mechanisms of action of plasma carotenoids on the lipid profile. It provided a more global understanding of the role of genome-wide DNA methylation and gene expression in this association. Indeed, WGCNA was computed on both DNA methylation and gene expression levels to evaluate their combined effects on the plasma lipid profile. We compared results obtained in the combined WGCNA with results obtained in WGCNA independently performed on methylation and expression. Only a small proportion of genes (n = 62) within the modules of interest (i.e., that showed correlations with plasma lipid concentrations) were in common between methylation and expression analysis in previous studies. Interestingly, the vast majority of probes found in the module of interest, obtained in WGCNA independently performed on methylation and expression, were also identified in the present combined WGCNA. These results suggest that a combined WGCNA can highlight genes of important modules of interest observed in WGCNA independently performed on methylation and expression data.
The present study has several strengths. To the best of our knowledge, this is the first study to examine the potential role of multi-omics data in the interconnection between plasma carotenoids and the lipid profile. This approach allowed evaluating the combined effect of DNA methylation and gene expression on lipid profile. WGCNA also allowed relating large omics data sets to phenotypic traits, while reducing multiple comparison burdens by clustering correlated genes into modules [10] . The study also considered genome-wide omics data and 6 predominant plasma carotenoid concentrations to obtain a more complete picture of the association. However, this study has some limitations. The main one is the small DOI: 10.1159/000503828 sample size. This may limit the statistical power to detect significant associations between total carotenoids and DNA methylation and gene expression levels. It may also reduce variability in DNA methylation and gene expression levels, and thus limit the identification of hub genes, based on the MM, in the WGCNA. Finally, our study did not account for dietary profiles, physical activity, smoking, and alcohol consumption, which may affect circulating carotenoid concentrations [50, 51] .
In conclusion, genome-wide DNA methylation and gene expression levels were both associated with plasma total carotenoid concentrations. WGCNA clustered multi-omics data into modules that were further linked to lipid profile to reveal key hub genes involved in lipid metabolism, plasma lipid concentrations and carotenoids. This integrative analysis provides a comprehensive understanding of the interactive molecular system between carotenoids, DNA methylation, gene expression, and the plasma lipid profile.
